Accurate identification of orthologous genomic regions (OGRs) between two closely related genomes is crucial for the reliable detection of genomic changes, which range from small-scale changes (e.g., single nucleotide or small nucleotides) to largescale structural changes. Although diverse OGRs inferred at different levels have been successfully applied to address various biological questions, a limited number of studies have simultaneously integrated OGRs from different levels. Here, we report on a new approach to construct a hierarchical map of OGRs. Using different types of genomic markers, this approach was applied to two very closely related cucumber genomes [Cucumis sativus L. var. sativus and C. sativus L. var. hardwickii (Royle) Alef.]. We identified two different levels of OGRs using Mugsy (denoted as dnaOGRs) and i-ADHoRe (denoted as proOGRs). Using information regarding the anchored chromosomes of the two genomes, a third level of OGRs (denoted chrOGRs) could be built at the chromosomal level. Together, these OGRs could be organized into a hierarchical map that represented the parent-child relationships (chrOGR:proOGRs:dnaOGRs) between the two genomes. For this case study, the map consisted of seven chrOGRs, 540 proOGRs, and 22,321 dnaOGRs. Based on this map, we designed different methods to detect both small-scale and largescale genomic changes. Surprisingly, many genomic changes were detected at each OGR level despite the very short divergence time between the two subspecies. Together, our results show that a hierarchical map of OGRs and their related genomic changes are useful resources for elucidating the diversity and evolution of cucumber genomes and phenotypes.
related genomes is a reliable and indispensable prerequisite for the accurate detection of genomic changes. Various OGRs inferred at different levels have been successfully applied to address different biological problems. High-level, large-size OGRs have been used to construct ancestral genomes, infer whole-genome duplications, and detect large-scale genomic changes (Hu et al., 2011; Van de Peer et al., 2009) , whereas low-level OGRs have been used to detect orthologous genes, construct phylogenetic trees, and infer small-scale genomic changes (Angiuoli and Salzberg, 2011; Zhang and Lin, 2012) . The number and length of OGRs correlate with evolutionary distance. For very distantly related genomes, most, if not all, OGRs are limited to very short conserved elements or complete single protein-coding genes. By contrast, longer OGRs, which vary from adjacent gene clusters to an entire chromosome, may be observed or reconstructed from very closely related genomes.
To date, various whole-genome alignment (WGA) methods that compare different types of genomic markers can be used to detect different levels of OGRs between closely related genomes. Most alignment tools, such as Mugsy (Angiuoli and Salzberg, 2011) , ProgressiveMauve (Darling et al., 2010) , and TBA (Blanchette et al., 2004) , use conserved DNA sequences as markers to detect OGRs. Among these tools, Mugsy uses segmental DNA sequences as markers and is one of the fastest and most efficient tools for detecting dnaOGRs among a set of closely related genomes (Earl et al., 2014) . In addition to conserved DNA markers, some alignment tools use conserved protein-coding genes as markers to detect collinear genomic regions, namely proOGRs, which intuitively have much larger size than dnaOGRs, among related annotated genomes. These alignment tools use the protein sequences from orthologous protein-coding genes and their relative positions rather than nucleotides. Of this class of WGA tools, i-ADHoRe is one of the most useful tools for proOGR reconstruction (Proost et al., 2012) . If two genomes are closely related, genetic markers, such as simple-sequence repeats (SSRs), can be used to identify very large OGRs at the chromosome level (chrOGRs) between two very closely related genomes. In the last decade, these different WGA strategies have been successfully applied to address various biological and evolutionary questions (Ren et al., 2009; Van de Peer et al., 2009; Zhang and Lin, 2012) . However, few studies have simultaneously integrated the various OGRs from different levels (multiple-resolution maps). With the increasing number of well-annotated, very closely related genome sequences becoming available in public databases, a comprehensive hierarchical map of OGRs from different levels should provide insights into genome evolution.
The program Sibelia (Minkin et al., 2013 ) produces a so-called multiple-resolution map of OGRs via the addition of an iterative refinement procedure, which provides a range of granularity for the blocks by individually increasing k-mer sizes. However, this program is purely based on DNA sequence k-mers and may not detect large size OGRs such as proOGRs. In this paper, we propose a strategy to construct a hierarchical map from two very closely related genomes by developing a pipeline based on two existing WGA tools: Mugsy (Angiuoli and Salzberg, 2011) and i-ADHoRe (Angiuoli and Salzberg, 2011) . Mugsy was used for dnaOGR detection, whereas i-ADHoRe was used for proOGR delineation. Because the average length of higher-level OGRs is longer than lower-level OGRs, each proOGR should contain one or more nonoverlapping dnaOGRs. This observation thus leads to the intuitive construction of a two-level hierarchical map of OGRs that represents the parent-child relationships between the proOGRs and dnaOGRs (Fig.  1) . Here, we report on the performance of our pipeline using two published very closely related cucumber genomes: C. sativus var. sativus (a cultivated cucumber) (Huang et al., 2009 ) and C. sativus var. hardwickii (a wild cucumber) (Qi et al., 2013) . Fortunately, based on previous work showing that the contigs and scaffolds are anchored onto their respective chromosomes (Ren et al., 2009 ), a third level of OGRs (chrOGRs) could be directly added to a previous map to form tree relationships of the OGRs (chrOGR:proOGRs:dnaOGRs) between the two cucumber genomes. The lack of information regarding the chromosomal positions for many sequenced genomes necessitates that this third level of OGRs can only be constructed among scaffolds or contigs rather than chromosomes. Based on this hierarchical OGR map, a corresponding map of the genomic changes between the two genomes was more directly and accurately determined. Large-scale genomic changes were identified by comparing the differences in the arrangements of the child OGRs between the two parent OGRs (the pair of OGRs from the two genomes) while treating their respective child OGRs as invariant elements. Intrachromosomal rearrangements were detected by comparing the structural differences in each chrOGR, whereas gene and segmental gains or losses were inferred from the comparison of the difference in the structure of each proOGR. The conventional comparison was used to compare each dnaOGR and to detect small-scale genomic changes such as SNVs and short InDels. This integrated three-level hierarchical map of OGRs identified by different methods with different genomic markers, together with the two scales of genomic changes detected by comparing each OGR at different levels, was robustly established for the two cucumber genomes. This map of OGRs and genomic changes with multiple resolutions provides an initial and useful resource to obtain insights into cucumber diversity and the evolution of genomes and phenotypes.
Materials and Methods

Global Gene Family Classification
Protein-coding genes from a cultivated cucumber, a wild cucumber, and three sequenced green plants, melon (Cucumis melo L.) (Garcia-Mas et al., 2012) , watermelon [Citrullus lanatus (Thunb.) Matsum. & Nakai] (Guo et al., 2013) , and tomato (Solanum lycopersicum L.) (Tomato Genome Consortium, 2012), were analyzed. Detailed information is provided in Supplemental Table S1 . For protein-coding genes with alternatively spliced isoforms, only the longest predicted protein sequence was maintained as a representative. A total of 133,704 protein-coding genes from the five genomes were used to assign gene family clusters using OrthoMCL software version 2.0.5 (Li et al., 2003) . Based on pairwise sequence similarities between all input protein sequences, which were calculated using BLASTp with an e-value cutoff of 1  10 −5 and an inflation value (−I) of 1.5, OrthoMCL classified 111,405 proteincoding genes into 21,488 families, of which, 18,877 families contain cucumber genes. These cucumber families were used to detect the homologous genomic regions.
Identification of Orthologous Genomic Regions at Different Levels
We first identified three levels of OGRs, namely chrOGRs, proOGRs, and dnaOGRs (Supplemental Fig.  S1A-C) , to construct the hierarchical map of the OGRs. Second, we mapped the proOGRs onto the chrOGRs to construct parent-child relationships called chr-proOGRs (Supplemental Fig. S1D ). Similarly, we constructed prodnaOGRs (Supplemental Fig. S1E ). Finally, a three-level hierarchical map describing the parent-child relationships among the detected OGRs was constructed by integrating the two parent-child relationship (D and E) between the OGRs (Supplemental Fig. S1F ).
To investigate the chrOGRs, two publications reporting that the two cucumber genomes shared the same number of chromosomes (Ren et al., 2009; Yang et al., 2012) were used as the basis to construct seven pairs of homologous chromosomes between the two cucumber genomes (Supplemental Fig. S1A ). The i-ADHoRe (version 3.0) was used to detect the proOGRs using the protein-coding genes as markers (Supplemental Fig.  S1B ). The software can be used to detect inversions and nested inversions, which are based on a conserved gene order and content, to identify homologous regions. The i-ADHoRe was run using the following parameters: alignment_method gg2, gap_size2, cluster_gap 3, q_value 0.75, prob_cutoff 0.01, multiple_hypothesis_cor-rection FDR, anchor_points 3, and level_2_only false. Tandem gene duplicates were also determined using i-ADHoRe. Mugsy (version 2.0), a computationally efficient tool that can align closely related whole genomes, was used to detect the dnaOGRs (Supplemental Fig.  S1C ). Mugsy was run using the following parameters: -distance = 1000 and -minlength = 30, which specify the maximum genomic distance between adjacent anchors and the minimum block length, respectively. A previous investigation on cucumbers identified ancestral wholegenome duplications (Huang et al., 2009) , which would add noise to the identification of OGRs and complicate the downstream analysis. Here, the identification of different types of genomic changes was limited to positional OGRs for simplification (Dewey, 2011) , which could provide contextual information when paralogous genomic regions are present, and only the one-to-one orthologous regions were retained for further analysis. The average length of high-level (large size) OGRs should be longer than the low-level (small size) OGRs; thus, each high-level OGR should contain one or more nonoverlapping low-level OGRs. The parent-child relationships between the OGRs were determined by mapping the low-level OGRs onto the adjacent high-level OGRs. Thus, two types of parent-child relationships among the OGRs were detected: pro-dnaOGRs by mapping dnaOGRs onto proOGRs and chr-proOGRs by mapping proOGRs onto chrOGRs (Supplemental Fig.  S1D -E). A three-level hierarchical map of the OGRs was constructed from two very closely related genomes based on the integration of the two parent-child relationships between the OGRs (Supplemental Fig. S1F ).
Identification of Rearrangements at the chrOGR and proOGR Levels
Because large-scale genomic changes can be detected from the parent-child OGR relationships, we can also detect large-scale genomic changes from the chrproOGRs and pro-dnaOGRs (Supplemental Fig. S1D -E). For example, for one parent-child chr-proOGR relationship, we treated its proOGRs as invariant elements and then compared the structural differences in its corresponding chromosomal segments from the two genomes (Supplemental Fig. S2 ). Analogously, each pro-dnaOGR underwent the same computational procedure to detect putative large-scale genomic changes.
Supplemental Fig. S2 illustrates the method we used to detect different types of large-scale genomic changes. Inversions were detected using the orientations of all maintained child OGRs (Supplemental Fig. S2A ). If the orientations were opposite from two segments of the child OGR, this child OGR would be treated as an inversion candidate. (B) If the orientations of the child OGRs between its respective chromosomal segments from the parent OGR were different and the child OGR and the two segments of the child and parent were from the same chromosomes, this child OGR would be treated as an intrachromosomal transposition (Supplemental Fig.  S2B ). If one chromosome from the child OGR was different from that of the parent OGR, this child OGR would be designated as an interchromosomal transposition (Supplemental Fig. S2C ). If the region of the parent OGR was not overlapping with the child OGRs and the length was 30 bp, the region would be treated as a segmental gain or loss (Supplemental Fig. S2D ).
Verification of the Detected Large-Scale Genomic Changes
Because systematic bias from the assembly process would add noise to the detection of large-scale genomic changes, two sets of raw sequencing reads were applied to filter out the raw candidates and to verify robust, candidate, large-scale genomic changes. These raw sequencing reads consisted of the original reads, which were used to assemble the two reference genomes. We mapped the paired-end reads onto the two cucumber genomes and then calculated the coverage of each OGR to ensure that all regions were covered by the reads with the exception of the segmental gains or losses. Based on the coverage and specific information about the orders and orientations from the paired-end reads, we validated the detected large-scale genomic changes. The following details were used to verify the large-scale genomic changes.
Using BWA software with default settings (Li and Durbin, 2010) , each set of raw reads was mapped to two reference genomes. For each pair of OGRs (e.g., one segment is from genome A and the other segment is from B), the coverage of every segment was calculated: (i) the average coverage of the region from genome A was calculated using the raw sequencing reads (denoted as coverage_AA), (ii) the average coverage of the region from genome A was calculated by mapping the original sequencing reads from genome B (denoted as coverage_AB), (iii) the average coverage of the region from genome B was mapped using its own reads (denoted as coverage_BB), and (iv) the average coverage of the region from genome B was mapped using the original sequencing reads from genome A (denoted as coverage_BA). Only the OGRs with coverage_AA  1 and coverage_BB  1 were retained. The candidates were verified based on the paired-end reads. The criteria for each type of structural genomic change are as follows: (i) if the coverage_AA  1 and coverage_AB < 1, these segments were treated as segmental gains or losses; (ii) if the coverage_AA  1, coverage_AB  1, coverage_BB  1, coverage_BA  1, and at least one pair of paired-end reads were mapped to two segments from one OGR and the adjacent OGR, as shown in Supplemental Fig. S3A , these segments were treated as intrachromosomal transpositions; (iii) interchromosomal transpositions required coverage_AA  1, coverage_AB  1, coverage_BB  1, coverage_BA  1, and at least one sequencing read mapped onto both regions A and B; and (iv) inversions required coverage_AA  1, coverage_AB  1, coverage_BB  1, coverage_BA  1, and at least two pairs of reads mapped to both regions A and B; each read that was mapped onto the two segments were in opposite orientations, and the orders of these two reads were inverted at the two segments (Supplemental Fig. S3B ).
Identification of Genomic Changes at the dnaOGR Level
The alignment of each dnaOGR detected by Mugsy (Angiuoli and Salzberg, 2011) was analyzed to detect the genomic changes, including SNVs, small InDels, and segmental gains or losses, at the dnaOGR level. By traversing each aligned position, we identified raw SNVs, small InDels, and segmental gains or losses. An unaligned region was marked as a segmental gain or loss candidate if its length was no less than 30 bp, otherwise it was marked as a small InDel. The raw SNVs and small InDels were filtered out to avoid bias from the assemblies and sequencing using the following criteria: no more than three variants among each sliding window with a window size of 100 bp and a step size of 1 bp; otherwise, the variant was filtered out.
Comparison of the Detected Small-Scale Genomic Changes with the Counterparts Detected by Read Mapping
In general, the small-scale genomic changes detected using different methods will not be the same. To evaluate the accuracy of the SNVs and small InDels identified based on the dnaOGR alignments, we also used the pipeline from SAMtools (version 0.1.18) to detect SNVs and small InDels based on read mapping and then compared these two datasets.
Two original sets of reads, which were used to assemble the reference genomes, were used to detect the SNVs and small InDels. One set was from a wild cucumber library created with 760 bp inserts, whereas the other set was from a cultivated cucumber library created with 788 bp inserts. The reads for each sample were mapped against the reference genome using BWA software (Li and Durbin, 2010) . SAMtools (version 0.1.18) ) was applied to detect the SNVs and small InDels. As a result, up to 575,779 SNVs (accounting for 95%) and 64,760 small InDels (accounting for 41%) were shared between methods, as detected by SAMtools.
Annotation of the Genomic Changes at Different Scales
A detailed functional annotation is an important step in interpreting genomic changes. All genomic changes were mapped onto the genomic features and subsequently associated with the functional annotations to gain detailed insights into these changes. The identified SNVs and small InDels were further classified based on the gene annotation of the reference genomes. The SNVs and small InDels were categorized according to their locations, namely, in intergenic regions, 5 untranslated regions (UTRs), coding sequences, introns, or 3 UTRs. The SNVs in coding regions were further classified as synonymous SNVs that did not cause amino acid changes or nonsynonymous SNVs that caused amino acid changes. Small InDels in coding regions were further grouped as frame shift InDels that did or did not cause open reading frame shifts.
Gene Ontology Analysis
The mapping of the gene ontology (GO) terms and annotation analysis of the cultivated cucumber reference genome were performed by Blast2GO (v 2.5) using the default settings, which was based on the results of BLASTx against Swiss-Prot (2014-12-06). Blast2GO is a research tool designed with the main purpose of enabling GO-based data mining of sequence sets for which no GO annotation is yet available (Conesa et al., 2005) . The GO enrichment analysis was performed with Ontologizer (Bauer et al., 2008) , which can be used to perform a statistical analysis of the overrepresentation of GO terms in sets of genes.
Results
A Pipeline for Identifying Putative OGRs and Genomic Changes
In this study, we developed a strategy to integrate two different types of OGRs, dnaOGRs and proOGRs, from two very closely related genomes with well-annotated, protein-coding genes. The dnaOGRs and proOGRs were identified using Mugsy (Angiuoli and Salzberg, 2011) and i-ADHoRe (Proost et al., 2012) , respectively. At the chromosomal level, a third type of OGRs (chrOGRs) could be easily constructed between these two genomes using genetic markers such as SSRs. Because each higherlevel OGR should contain one or more lower-level OGRs, one or more three-level hierarchical maps of OGRs (chrOGRs:proOGRs:dnaOGRs) could be constructed (Supplemental Fig. S1F ) by mapping the low-level OGRs onto the high-level OGRs (Supplemental Fig. S1D-E) . Large-scale genomic changes, such as inversions, interchromosomal transpositions, intrachromosomal transpositions, and segmental gains or losses, and small-scale genomic changes could be detected using the hierarchical map of the OGRs. Supplemental Fig. S2 illustrates the large-scale genomic changes identified at the chrOGR and proOGR levels (refer to Materials and Methods section for more details). Using the hierarchical map of the OGRs and their related genomic changes, we can relate these changes to their neighboring annotated genomic elements (such as protein-coding genes, noncoding RNA genes, or repeats) to provide interpretations regarding the characteristics of the putative genomic change. Furthermore, although the current analysis focused on its application to two cucumber genomes, this pipeline can also be applied to other very closely related well-annotated genomes.
Three-Level Hierarchical Maps of the OGRs from Two Cucumber Genomes
We applied our pipeline to two very closely related cucumber genomes. Because of their short time of divergence and high-quality assemblies, the cucumber genomes were good resources to construct OGR maps. Figure 2 shows the three-level hierarchical map: the dnaOGR level is located in the outer circle, the proOGR level is located in the inner circle, and the chrOGR level is located in the innermost circle. These findings indicate that both the proOGRs and dnaOGRs contained most regions of the two cucumber genomes. Based on the conserved DNA sequences, 22,634 homologous genomic regions were detected by Mugsy. After filtering out duplications, 22,321 of the 22,634 regions were designated as dnaOGRs. With a minimum length of 30 bp and a maximum length of 615 kb, the dnaOGRs accounted for 96% of the domestic cucumber genome and 93% of the wild cucumber genome. Based on the gene family identified by OrthoMCL (Li et al., 2003) (Supplemental Table  S2 ), 574 homologous genomic regions from two genomes were identified by i-ADHoRe. Of these 574 regions, 540 regions were designated as proOGRs and used for the subsequent analysis. These 540 proOGRs consisted of 86% of the cultivated cucumber genes and 85% of the wild cucumber genes, which covered 86.3 and 84.9% of the cultivated and wild cucumber reference genomes, respectively. The length distribution showed that the proOGR lengths ranged from 7576 to 3,648,515 bp, and the average length was 314,041 bp for the cultivated cucumber. At the chrOGR level, the length distributions of the assembled chromosomes from two genomes were similar (Ren et al., 2009; Yang et al., 2012) . Seven chrOGRs accounted for 97.6 and 96.9% of the nucleotides from the cultivated and wild cucumber genomes, respectively. The detailed length distributions of the three-level OGRs are listed in Table 1. As mentioned above, a tree structure can be used to organize the hierarchical relationships of the threelevel OGRs. Among the pro-dnaOGRs, 80.7% (18,276 of 22,634) of the dnaOGRs overlapped with the 540 proOGRs. A total of 97.7 and 96.2% of the genomic regions of the 540 proOGRs were covered by the dnaOGRs in the cultivated cucumber and wild cucumber, respectively. There was substantial deviation among the numbers of dnaOGRs that each proOGR contained, which ranged from 1 to 252, with an average of 34.4. These findings implied that different proOGRs are likely to experience different rates of local genomic changes. For the chr-proOGRs, with the exception of the eight proOGRs that were not anchored on any chromosome, the remaining 532 (98.5%) proOGRs were mapped onto the chrOGRs. The number of proOGRs that each chrOGR contained varied from 53 to 114. Similarly, the chrOGRs may have also incurred local genomic changes at different rates (Supplemental Table S3 -4).
Detection of the Genomic Changes in Two Cucumber Genomes
Both large-scale and small-scale genomic changes between the two genomes could be more accurately detected within each chrOGR or proOGR. Because of the relatively short time of divergence between the two genomes, many large-and small-scale genomic changes were detected, indicating that there may be extremely complex relationships between the genotypes and phenotypes of the two cucumber genomes (Fig. 3) .
At the chrOGR level, we identified 14 intrachromosomal transpositions with sizes that ranged from 28,752 to 167,847 bp, three interchromosomal transpositions Fig. 2 . The hierarchical map of orthologous genomic regions (OGRs) between two cucumbers. The hierarchical map with three levels was constructed including chrOGRs, proOGRs, and dnaOGRs. The chrOGRs were previously constructed based on simple-sequence repeats (Ren et al., 2009; Yang et al., 2012) and the proOGRs were detected by i-ADHoRe and the dnaOGRs by Mugsy (Angiuoli and Salzberg, 2011) . Finally, in cucumber, seven chrOGRs (innermost circle), 540 proOGRs (inner circle), and 22,312 dnaOGRs (outmost circle) were detected. Table S6-7) . Among the SNVs, the proportion of SNVs located in genes was 37% (222,682 of 606,269) , whereas the other 63% of the SNVs were located in intergenic regions. Of the 222,682 SNVs, 24% (52,717 of 222,682) of the SNVs were located in the coding regions from 15,344 genes, which consisted of 8.7% of all detected SNVs. We further annotated the nonsynonymous and synonymous variants to investigate the functional annotations of the putative SNVs located in the coding DNA sequence regions. As a result, 44,158 nonsynonymous variants from 14,548 genes were detected (Supplemental Table S8 ). All detected genomic changes from the different levels heavily relied on the assembled reference genomes; however, it is difficult to distinguish the large-scale genomic changes from the sequencing and assembling bias (Gurevich et al., 2013) .
To reduce the systematic bias from the assembly process, we further used the original paired-end reads, which were used to assemble the reference genomes, to achieve more robust and reliable genomic rearrangements at different levels. However, because we were limited regarding the library insert sizes, only some of the large-scale genomic changes could be tested using the paired-end reads. In our case, we verified the large-scale genomic changes at the proOGR level. A total of 2000 interchromosomal transpositions, 23 intrachromosomal transpositions, 175 inversions, and 1726 segmental gains or losses were verified with average lengths of 1139, 374, 19,686, and 5736 bp, respectively (Supplemental Table S9 ).
We compared the detected large-and small-scale genomic changes with previous studies (Qi et al., 2013; Zhang et al., 2015) . Because the previous data contained many accessions, here, we only focused on the variants from the accession CG0002, which was sequenced as the wild cucumber reference genome. The result revealed that 99% of the previously detected segmental gains or losses overlapped with our results. Of the seven previously detected inversions, five were identified in our results, and the other two inversions were missed because they were located outside the chrOGRs we detected. For the smallscale genomic changes, 86% of the previously detected SNVs overlapped with ours (Supplemental Table S10 ).
The putative functional characteristics of these more reliable large-scale genomic changes were annotated based on the genome structural annotation from the cultivated cucumber. At the proOGR level, 139 genes overlapped with the regions of 177 segmental gains or losses, 146 genes were mapped onto 259 interchromosomal transpositions, 18 genes were anchored on 16 intrachromosomal transpositions, and 105 genes were mapped on 64 inversions. Thus, there were 365 genes that could be related to large-scale genomic changes at the proOGR level (Table 2) . Based on the GO analysis, eight of the 365 genes overlapping with the regions of the validated large-scale genomic changes were significantly enriched in functions related to flowering regulation (GO:0009909), and five of the 365 genes were significantly enriched in functions related to trichome morphogenesis (GO:0010090). 
Discussion
The accurate identification of OGRs between two closely related genomes have proven to be important in our understanding of the diversity and evolution of genomes and phenotypes. Here, we developed a novel strategy for constructing a three-level hierarchical map of OGRs from two very closely related genomes. The primary advantage of our approach is its ability to build a comprehensive and general OGR map with multiple resolutions. Both small-scale and large-scale genomic changes could be accurately identified using these OGR maps. We tested our pipeline on two very closely related cucumber genomes, and the results provided an initial and useful resource to better understand cucumber diversity and the evolution of genomes and phenotypes. Our method does have several potential limitations. Our work relies heavily on two WGA tools, the DNA-based aligner Mugsy (Angiuoli and Salzberg, 2011) and the protein-coding gene-based alignment approach i-ADHoRe (Proost et al., 2012) , which are efficient tools for detecting dnaOGRs and proOGRs (Earl et al., 2014; Ghiurcuta and Moret, 2014) , respectively. The qualities of both types of identified OGRs are heavily dependent on the quality of the two assembled genomes and the accuracy of their annotation of the protein-coding genes. In this study, two cucumber reference genomes have been assembled and anchored onto chromosomes with high quality using deep coverage sequencing (Huang et al., 2009; Qi et al., 2013) . Moreover, both genomes were annotated using the same annotation pipeline that we built, which was mainly based on EVidenceModeler (Guo et al., 2013; Haas et al., 2008; Lin et al., 2014) . The same annotation pipeline should greatly reduce the systematic bias of the accuracy of gene predictions among different annotation systems with the same genome sequences (Allen et al., 2004) . With these foundations, our pipeline worked well for comparisons between the two cucumber genomes; thus, the construction of the three-level map of the OGRs and the identification of the related genomic changes should be accurate.
Based on the robust hierarchical OGRs, the detected genomic changes are reliable, particularly for large-scale genomic changes. However, a systematic detection bias still remains for large-scale genomic changes. We used the original paired-end reads, which were applied to assemble the reference genomes, to achieve more solid and reliable genomic changes and to reduce the systematic bias. In this process, only some of the large-scale genomic changes could be evaluated because of limitations in the insert size of the DNA libraries. Together, we verified 2023 transpositions, 175 inversions, and 1726 segmental gains or losses from the two cucumber genomes at the proOGR level. According to the results of the GO enrichment analysis, some of the verified genomic changes detected in this study were close to the genes associated with the regulation of the phenotypes of interest.
Our pipeline was designed to construct a three-level hierarchical map from two very closely related genomes, which have a short divergence time and share most of their genomes. For more divergent genomes that consist of very different chromosome structures, most OGRs may be limited to very short conserved elements or complete single protein-coding genes, which makes it difficult to reconstruct the type of hierarchical map constructed using our pipeline. With an increasing number of markers, such as ultraconserved elements (Siepel et al., 2005) , we will attempt to extend our pipeline to include these markers to construct similar maps.
